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1. CNN and Activation Maps




Convolutional Neural Networks (CNN)

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
39%30 S@ay S2: f. maps E - C5: |
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« Components of a Convolutional Neural Networks
« Convolutional layers « Activation function

* Fully-Connected layers + Pooling layers

LeCun et al. (1998), GradientBased Learning Applied to Document
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Activation Maps

Convolution Laver

3x5x5 filter
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convolve (slide) over
all spatial locations

University of Michigan, EECS 498/598: Deep Learning for Computer Vision
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Activation Maps

Convolution Layer

6 activation maps,

each 1x28x28

3x32x32 image Also 6-dim bias vector:

y .

| Convolution
Layer
32 /
) 6x3x5x5 II, nininiatats
: filters I I Stack activations to get a

6x28x28 output image!

University of Michigan, EECS 498/598: Deep Learning for Computer Vision
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Previous gradient based methods

backpropagation "deconvnet’ guided backpropagation

Springenber et al. (2014), STRIVING FOR SIMPLICITY:THE ALL CONVOLUTIONAL NET
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Previous gradient based methods

backpropagation:

a) Forward pass : |
Input image * — £ H=-:IHf“'I> : £t |
|
Feature map |
Backward pass

Reconstructed . = 0 . |
image R’ <4 R H'"'HR . R |
|
____________________ |
c) N— I+1 _ Iy _ 1 |
activation: [T = relu(f;) = max(f;,0) |
oo pl I I+1 oS T

backpropagation: R: = (f; > 0)- R, where R\! =
7 ] T ) % 6f¢l+1 |
backward 1 _ . pl+l |
'deconvnet": By = R, |
. |
T ation: Fi=(f1>0)- (R*'>0) - R
|

b)

Forward pass

Backward pass:
backpropagation

Backward pass:
“deconvnet”

Backward pass:
guided
backpropagation
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B 111 °* Guided
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ARE IEE Backpropagation

Springenber et al. (2014), STRIVING FOR SIMPLICITY:THE ALL CONVOLUTIONAL NET
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Limitation of previous methods

* No Class-discriminative
 Not fully utilizing the CNN'’s localization ability

« Only analyzing the convolutional layers, ignoring FC layers

Springenber et al. (2014), STRIVING FOR SIMPLICITY:THE ALL CONVOLUTIONAL NET
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2. Class Activation Maps




Class Activation Maps (CAM)

Paper: Learning Deep Features for Discriminative Localization

Brushing teeth Cutting trees

« CAM allows classification-trained CNN to both classify the image and

 Localize class specific image regions in a single forward pass

B Zhou et al. (2015), Learning Deep Features for Discriminative Localization
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Class Activation Maps (CAM)

* How to express localizable deep representation?
 Utilizing GAP layer

Global Average Pooling Global Max Pooling

£(0,0) Z felx.y) argmax(fi(x,y))

|

Last convolution layer GAP Last convolution layer GMP
output output output output

https://you359.github.io/cnn visualization/CAM/
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Class Activation Maps (CAM)

* Replacing (FC layers) to (GAP layers + FC layers)

» Decreasing the number of parameters

« GAP layers keep the spatial information, then better for localization

fk(Q'O)
%

5 a5 9 o
6147 11 l0
SIFg 2 5 Fa
g0 el o
0 00 0 O

fr(x,y)
Last convolution layer
output

D WD, fuley)
5 )
w2 -1 g
2 ” )
Wy =2 exp(S.
56 > » P
W32 =3 /"/'5: Zr: CXp(Sc) ¢
Qutput
J Softmax probability
Sc

https://you359.github.io/cnn visualization/CAM/
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Class Activation Maps (CAM)

f(0.0)

exp(S,
P(Sc) — P
2 exp(Se)
Qutput
Softmax probability
fi(x,¥) Fy S¢
Last convolution layer GAP
output output

F* : GAP output of Kin feature map, 2_.., fk(z,y)  Sc= > wi ) filz,y)
k &

Wy, : the importance of F'* for class ¢ => > wifu(zy).

T,y k
https://you359.github.io/cnn visualization/CAM/
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Class Activation Mapping

C C C C
= c = - GAP
N
N N N 9 f
Y, Y, /
N
N—

r—w
O‘ \>’ Australian

O 11 LJ

terrier

Class Activation Mapping

+ ... + Wn*

Class
Activation

Map

(Australian terrier)

B Zhou et al. (2015), Learning Deep Features for Discriminative Localization
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CAM Results

» Class-discriminative Localization

Figure 4. Examples of the CAMs generated from the top 5 pre-
dicted categories for the given image with ground-truth as dome.
The predicted class and its score are shown above each class ac-
tivation map. We observe that the highlighted regions vary across
predicted classes e.g., dome activates the upper round part while
palace activates the lower flat part of the compound.

« Compare with backprop methods — maps /localization

French horn French horn { French horn
French horn 0.775 0.934 £ ¢ b ; 0.966

lagaric

QO

GoogLeNet-GAP  VGG-GAP AlexNet-GAP GoogLeNet

Backpro AlexNet Backpro GoogLeNet

Figure 5. Class activation maps from CNN-GAPs and the class-specific saliency map from the backpropagation methods.

e

Figure 6. a) Examples of localization from GoogleNet-GAP. b) Comparison of the localization from GooleNet-GAP (upper two) and
the backpropagation using AlexNet (lower two). The ground-truth boxes are in green and the predicted bounding boxes from the class
activation map are in red.

B Zhou et al. (2015), Learning Deep Features for Discriminative Localization
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3. Grad-CAM




Limitation of CAM / Grad-CAM

* Architectural limitation of CAM
« Conv feature maps > GAP > Softmax layer
« Performance loss caused by using GAP

* Inapplicable to any other tasks (Image captioning or VQA)

« Grad-CAM solve the limitation
* Not require any modification in the network architecture (Not need GAP)
» Applicable CNNs with FCs / CNN used for structured outputs / CNN used in

task with multi-modal inputs

RR Selvaraju et al. (2016), Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization
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CAM <> Grad-CAM

CAM

Grad-CAM

[Input Image]

Convolution@

Convolution@

Max-pooling Convolution@

Max-pooling Convolution@

Fully
Connected@®

O
@
O
O
O
O
O
10
10
O
Fully

Connected®

https://you359.github.io/cnn visualization/CAM/
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Grad-CAM

global average peolmg « First, calculate the gradient of the score for class ¢ with
. 1 OY° respect to feature map activations
% = VA yz: yj: 0 Afj - Then, global-average-pooled
N— " » The weight for feature map is calculated by gradients,

oradients via backpro .
= PR not by learning

c L W .y k )
LGra-cam = Fell Z ajA « . : the importance of feature map k for a target class ¢

k
\——_ — * RelU: only a positive influence on the class of interest

linear combination

RR Selvaraju et al. (2016), Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization
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Note that Z is the number of pixels in the feature map (or
Z =>_.>_.1). Thus, we can re-order terms and see that
(11D

i7°
W, 222041.

Grad-CAM generalizes CAM

CAM Taking partlal derivative of (4) w.r.t. A*
. = o )
global average pooling t)Affj o Z : SUbStltutlnc this in (6), we get,
1 -~ c ~ C
v =% w =33 4 3) gye _ oye o CAM
= VA e aF% OAfJ
~— ~—
class feature weights feature map
From (5) we get that, 2 aFk = wj. Hence,
Let us define F'* to be the global led output . :
et us define o be the global average pooled outpu oy e 1/Z:a proportlonallty constant
1 ) U’Z, =7- — (8) .. .
s i D) ) 0A¥; «  wf isidentical to
i g
Summing both sides of () over all pixels (i, j) G’i’, used by Grad-CAM
CAM computes the final scores by,
. 7 i
ve= Y up F o YD) DTED 3 DL N
L 7 i ] 7 L]
Grad-CAM
global average pooling
Since Z and wj do not depend on (i, j), rewriting this as ’1__ Ay°
C .
= 1YY W
oY* Z DAE.
(10) i g ]
v
gradients via backprop

Zwy, :ZZZW
i g ij

where wj, is the weight connecting the k" feature map with
RR Selvaraju et al. (2016), Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization
KAIST XAl Tutorial Series

the ¢!” class. Taking the gradient of the score for class ¢ (Y©)

with respect to the feature map F'* we get

ove  ir

¢ oA,

OFF — DE% ©
o AE,
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Grad-CAM / Guided Grad-CAM

¥

Guided Grad-CAM

«—— Gradients

: : s c [Tiger Cat
E ——> Activations E A
T A > — >
i FC Layers ) 4
Guided Backpropagation o3 L’
Rectified Conv e s .’—,A’
Feature Maps ,':,.—"' P ‘£l> ZZI >
A cat lying on
RNN/LSTM
Any / the ground
Task-specific| «
Network | ----
= N 0 T B
Is there a cat? p» 9 " FCLa
yer - -
Question ENNESTM b
C [Yes
¥

Image Classification

(or)

Image Captioning

(or)

Visual
Question Answering

(o)

RR Selvaraju et al. (2016), Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization
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Grad-CAM Results

' L 4 : M |
(b) Guided Backprop ‘Cat’  (¢) Grad-CAM ‘Cat’  (d)Guided Grad-CAM ‘Cat’ (e) Occlusion map ‘Cat’  (f) ResNet Grad-CAM “Cat’

&

(g) Original Image (h) Guided Backprop ‘Dog” (1) Grad-CAM ‘Dog”  (jJ)Guided Grad-CAM ‘Dog’ (k) Occlusion map ‘Dog’ (I)ResNet Grad-CAM ‘Dog’

RR Selvaraju et al. (2016), Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization
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Grad-CAM Results

Grad-CAM Grad-CAM

Grad-CAM for Grad-CAM for
Biased model Unbiased model

Input Image

|

Ground-Truth: Nurse Predicted: Nurse Predicted: Nurse

What is the man doing? Baseball bat

Groun-Truth Doctor Predicted: Nurse Predicted: Doctor What is that?

Elephant What is that? Zebra

(b) Visualizing ResNet based Hierarchical co-attention VQA model from [39]

RR Selvaraju et al. (2016), Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization
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4. Grad-CAM++




Limitation of Grad-CAM

Origmnal Imags= Guided Grad-CAM  Guaded Grag-CaM++ Grad-CAM Grad-CAM &+

* Limitation of Grad-CAM

« Multiple occurrences
: Grad-CAM fails to properly localize objects in an
image if the image contains multiple occurrences of

the same class.

* Not capturing the entire object
: An unweighted average of partial derivatives is
that often, the localization doesn’t correspond to

the entire object, but bits and parts of it.

A Chattopadhyay et al. (2017), Grad-CAM++: Improved Visual Explanations for Deep Convolutional Networks
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Grad-CAM++

CNN with GAP Layer

CAM |
re=Yue Yy 4t 5( {GAP i  How to solve the problem?
k g —> ES
FC

« Taking a weighted average of the pixel-wise

Convolutional
layers .
gradient.

layers
AL
Input F Pass « If there were multiple occurrences of an object
— B SE——— ye Final Class . _ _ . - _
f i i s with slightly different orientations or views (or
C c _ N, gk : : :
, _ Li; = Z wi-Aj part of an object that excite different feature
ia;ckprop till last convolution layer k
Grad-CAM++ maps), different feature maps may be
. i N : o e : :
L, wf = Z afj“.'reluta—w activated with differing spatial footprints, and
i % . :
the feature maps with lesser footprints fade
Grad-CAM
Il aye i i
Jui=z Y —r away in the final saliency map.
i g i

A Chattopadhyay et al. (2017), Grad-CAM++: Improved Visual Explanations for Deep Convolutional Networks
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Grad-CAM++

Assumption
dy* ,
=1 A
DAL i
=0 if Af=0

|05 0%
(0% 0% |
[TE
[TE

Saliency Map (Lgrag-cam)

_ 15 c
wi = gg, w5 = 80 and w§ =
...... Feature Map (A?)
Input Image (I)

Dark regions indicate

presence of object

—

Feature Map (A®)

Saliency Map (L ma.cames)

Final Saliency Map

LG =) wiAf
k

Dark regions indicate
detection of abstract
visual features

Grad-CAM
1 oY ¢
c _ —
wi=72.2 Gar 9AE
7 g J
2
80
Grad-CAM++
gy
A ke
g, = Z Zaij .relu(aAk. )
a - v B ]
a2y
G — . (042 .
’ (;}’A’{ ARG D g Dt b{(é’A‘Z)a}

: weighting co-efficient for the pixel-wise

gradients for class ¢ and feature map A"k

A Chattopadhyay et al. (2017), Grad-CAM++: Improved Visual Explanations for Deep Convolutional Networks
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Grad-CAM++ Results

Original Image E® Grad-CAM E° Grad-CAM++ Original Image E° Grad-CAM E° Grad-CAM++

Original Image E° Grad-CAM++ E° Grad-CAM

A Chattopadhyay et al. (2017), Grad-CAM++: Improved Visual Explanations for Deep Convolutional Networks
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5. Code Tutorials




Grad-CAM Code

# #
# ==== Grad-CAM main lines ====
# #

# Tabby Cat: 281, pug-dog: 254
score = logit[:, 254].squeeze() # O|&Z y~c
score.backward(retain_graph = True) # &% y~col thsiM backprop ZI&

activations = feature_blobs[@].to(device) # (1, 512, 7, 7), forward activations
gradients = backward_feature[0] # (1, 512, 7, 7), backward gradients
b, k, u, v = gradients.size()

alpha = gradients.view(b, k, -1).mean(2) # (1, 512, 7%7) => (1, 512), feature map k& 'importance’
weights = alpha.view(b, k, 1, 1) # (1, 512, 1, 1)

grad_cam_map = (weightsxactivations).sum(1l, keepdim = True) # alpha x A*k = (1, 512, 7, 7) => (1, 1, 7, 7)
grad_cam_map = F.relu(grad_cam_map) # Apply R e L U

grad_cam_map F.interpolate(grad_cam_map, size=(224, 224), mode='bilinear', align_corners=False) # (1, 1, 224, 224)
map_min, map_max = grad_cam_map.min(), grad_cam_map.max()

grad_cam_map = (grad_cam_map - map_min).div(map_max - map_min).data # (1, 1, 224, 224), min-max scaling

# grad_cam_map.squeeze() : (224, 224)
grad_heatmap = cv2.applyColorMap(np.uint8(255 x grad_cam_map.squeeze().cpu()), cv2.COLORMAP_JET) # (224, 224, 3), numpy
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Code references

1. Github : CAM based methods https://github.com/jacobagil/pytorch-grad-cam

2. Github : Grad-CAM
https://github.com/PeterKim1/paper code review/tree/master/8.%20Learning%20Dee
p%20Features®%20for%20Discriminative%20L ocalization(CAM)
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https://github.com/jacobgil/pytorch-grad-cam
https://github.com/PeterKim1/paper_code_review/tree/master/8.%20Learning%20Deep%20Features%20for%20Discriminative%20Localization(CAM)
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Thank you!




